Abstract. Three methods, return period, power-law frequency plot (concentration-area) and local singularity index, are introduced in the paper for characterizing peak flow events from river flow data for the past 100 years from 1900 to 2000 recorded at 25 selected gauging stations on rivers in the Oak Ridges Moraine (ORM) area, Canada. First a traditional method, return period, was applied to the maximum annual river flow data. Whereas the Pearson III distribution generally fits the values, a power-law frequency plot (C-A) on the basis of self-similarity principle provides an effective mean for distinguishing "extremely" large flow events from the regular flow events. While the latter show a power-law distribution, about 10 large flow events manifest departure from the power-law distribution and these flow events can be classified into a separate group most of which are related to flood events. It is shown that the relation between the average water releases over a time period after flow peak and the time duration may follow a power-law distribution. The exponent of the power-law or singularity index estimated from this power-law relation may be used to characterize non-linearity of peak flow recessions. Viewing large peak flow events or floods as singular processes can anticipate the application of power-law models not only for characterizing the frequency distribution of peak flow events, for example, power-law relation between the number and size of floods, but also for describing local singularity of processes such as power-law relation between the amount of water released versus releasing time. With the introduction and validation of singularity of peak flow events, alternative power-law models can be used to depict the recession property as well as other types of non-linear properties.
Introduction
Humankind has always been faced with water resource problems -floods and droughts. Flood disasters have been more devastating in terms of deaths, suffering, and economical damages are concerned, versus other natural hazards e.g., earthquakes, volcanoes, and wild fires etc. (Kundzewicz et al., 1993) . Despite the progress in science and technology, humans are still vulnerable to extreme hydrological events. The losses increase due to the continuing development of costly infrastructure, rise in population density, and decrease of buffering capacities such as deforestation, urbanization, and draining wetlands. Despite heavy expenditures on both, structural and non-structural measures of flood and drought control, extreme hydrological events continue to present a hazard in developed and developing parts of the world. Understanding floods and droughts, their mechanisms, characteristics, and regularities is of crucial importance for water assessments, water allocation, design and management of water resource systems.
Human use their perception to judge if an event is extreme. For example, extreme events are defined by Sarewitz and Pielke (2001) as an occurrence that, relative to some classes of related occurrences, is notable, rare, unique, profound, or otherwise significant in terms of its impacts, effects, or outcomes (Sarewitz and Pielke, 2001 ). This contextual definition characterizes an extreme event both from its innate attributes, and from the influence of the events. From natural processes viewpoint, the extreme events can be characterized by non-linear and stochastic models, among them the most sophisticated methods should be the space-time multifractal proposed by Schertzer and Lovejoy (1994) also seen in Tessier et al. (1996) which provides a natural framework for analyzing and modeling scale invariant geodynamical processes including rain, runoff and river flows. In this framework, the extreme events are characterized by the probability Published by Copernicus Publications on behalf of the European Geosciences Union and the American Geophysical Union. distribution with algebraic tails with exponent −q D , which is related to multifractal phase transition and self-organized criticality (SOC) (Bak et al., 1987) . The extreme events might cause divergence property of statistical moments with spatial scaling (Lovejoy and Schertzer, 1995) . Similar behavior was found by Turcotte and Greene (1993) in river flows. These works have provided framework for identifying statistical property of extreme events. From a practical point of view, however, one needs sophisticated software and good knowledge of multifractal modeling in order to use these methods to characterize the properties of extreme events and to appreciate the effectiveness of these methods. Further research on separation of regular and extreme events is required to develop guidelines for an optimal choice of threshold in consideration of both physical and statistical characteristics of extreme hydrologic processes (Nguyen, 2001 ). This paper explores some simple methods for characterizing extreme river flow events. Instead of "extreme nature" of events, we will consider "singularity" of the events. Singular geo-processes including physical, chemical and biological processes may result in anomalous amounts of energy release or mass accumulation or matter concentration that, generally, are confined to narrow intervals in space or time (Cheng, 2007a) . It has been found that the end products of these non-linear processes including cloud formation (Schertzer and Lovejoy, 1987) , rainfall (Veneziano, 2002) , hurricanes (Sornette, 2004) , flooding (Malamud, Turcotte and Barton, 1996) , landslides (Malamud et al., 2004) , earthquakes (Turcotte, 1997), mineral deposits (Agterberg, 1995) and mineralization (Cheng, 2007a) have in common that they can be modeled as fractals or multifractals. Total amount of ore and metals in hydrothermal ore deposits often have Pareto tails (Turcotte, 1997) . Hydrothermal mineral deposits also can exhibit non-linear features for ore-mineral and associated toxic element concentration values in rock and related surface media such as water, soil, stream sediment, till, humus and vegetation (Cheng, 2007a; Cheng and Agterberg, 2009) . As a singular process, extreme river flow or floods have been extensively studied from non-linear processes point of view. Several interesting characteristics of river flow fluctuations were reported: the river flow series have power-law tails in the probability distribution (Murdock and Gulliver, 1993; Turcotte and Greene, 1993; Movahed and Hermanis, 2008) , which will be confirmed with the data used in the current paper; river flow series are long-range correlated (Hurst, 1951) ; River flow series are multifractals (Lovejoy and Schertzer, 1995) . Gupta (2004) , Gupta and Waymire (1990) and Gupta et al. (1996) have systematically investigated the statistical self-similarity or scale invariance in the spatial variability of rainfall, channel network structures and floods. This framework provides foundations for solving the global problem of prediction of floods from ungauged and poorly gauged basins (Gupta, 2004) .
From singularity point of view, singular events are usually rare but not necessarily unique, profound, or significant in terms of their impacts, effects, or outcomes. These types of events are relatively rare due to their abnormality and involving long processes of energy and material accumulation. Whether these processes cause significant impact depend on where and when they happen. As a matter of fact, singular processes affect human society in two sides: providing resources and causing hazards. On the one hand, with proper technology the energy released or material accumulated during the singular processes could be utilized as resources for human society development, for example mineral resources, on the other hand, the explosive energy release and anomalous concentration of materials including toxic materials can also cause hazardous impacts on ecological and human systems. This paper explores non-linear modeling techniques to identify and characterize singular hydrological eventsfloods from historical data collected from river flow gauging stations. It will introduce three methods: return period, frequency plot (C-A method) and singularity index for identification and for characterization of singular events -floods. The first method is the traditional and used by hydrologists for quantifying an extreme hydrological event by estimating how long such an event happens likely. The second method is also commonly used for characterizing distribution of hydrologic events and for separating "regular" from "extreme" events (Cheng et al., 1994) . The third method was proposed and applied for identifying and characterizing local singularities observed in the complex maps used in mineral exploration (Cheng, 2007a; Cheng and Agterberg, 2009 ). These three methods were applied to the river flow data collected from 1900-2000 at 25 river gauging stations in the Oak Ridges Moraine (ORM), southern Ontario, Canada.
Study area and data
The study area of the Oak Ridges Moraine (ORM) is located in southern Ontario, Canada. This is one of the most developed areas in Canada. The moraine is characterized by its rolling hills and river valleys extending 160 km from the Niagara Escarpment to Rice Lake, and was formed 12 000 years ago by advancing and retreating glaciers. The moraine contains the headwaters of 65 river systems and has a wide diversity of streams, woodlands, wetlands, kettle lakes, kettle bogs and significant flora and fauna. It is one of the last remaining continuous green corridors in southern Ontario containing 30 per cent forested area. A comprehensive introduction about hydrology of southern Ontario can be found in the Hydrogeology of Ontario Report (Singer et al., 2003) . The moraine's sands and gravel deposits absorb rain and snow melt. The underground water is then stored in layers of sand and gravel (aquifers), filtered and slowly released as cool fresh water to the 65 rivers and streams flowing north into Lakes Simcoe and Scugog and south into Lake Ontario.
The Oak Ridges Moraine area experiences a wide range of weather conditions through an average year. Precipitation includes deep winter snow, heavy spring and summer thunderstorms, and, sometimes, lengthy summer dry spells. The temperature is moderate most of the time and, annually, there is approximately 600 to 1000 mm of precipitation including snow in winter season and rainfall in other seasons across the ORM area (Brown et al., 1968) . Snowfall mainly in December to March accounts for about 15 per cent of the total annual precipitation. In the summer, widespread dailylong rainfalls are rare. Instead, showery precipitation is the general rule. This frequently results in precipitation varying widely from place to place. In addition, this kind of precipitation may come as short but intense downpours that quickly run into drains and streams. A thunderstorm that results in 20 or 30 mm of rain in just one hour does little to relieve the moisture deficit that comes with a long period of dry weather (Brown et al., 1968; Singer et al., 2003) .
On occasion, this area receives the effects of the remnants of a tropical storm or hurricane moving through the eastern part of the United States. Occurring from mid-summer to autumn, these systems may result in an all-day rainfall that can be quite heavy. Precipitation amounts from these systems can also be somewhat variable over relatively short distances. When Hurricane Hazel hit the area in October 1954, 181.6 mm of rain was recorded at Snelgrove station: however, only 38.1 mm at Alton station just 22 km northwest of Snelgrove at the same time (Singer et al., 2003) .
Land-use in the ORM area is largely rural, with forest and agricultural practices dominating the landscape although it includes the Greater Toronto Area that is a highly industrialized area. Increasing population and residential development in this area has led to residential development expanding into the rural areas. Land-use changes, primarily the building of residential subdivisions, the construction of roads and the paving of parking lots, increase the imperviousness of the ground surface. Consequently, this surface runoff results in dramatic increases in wet weather flows of the headwater streams on the Moraine causing erosion and degradation of these fragile systems (STORM-Coalition, 1997) .
Various modeling exercises conducted on the study area have demonstrated that runoff volumes observed at the river gauging stations in the drainage basin networks are highly correlated with the baseflow caused by ground water discharge, snow melting, direct flow caused by rainfall as well as the physical properties of drainage basins (Cheng et al., 2006) . It has been found that the delay response of surface runoff (river peak flow) to heavy precipitation events varies across the study area depending on the physical properties of drainage networks and stream systems such as the complexity of drainage basin boundaries, glacier sediment types, land-use types, and surface inclination . It has been demonstrated that long-term persistency of river flow is related to the characteristics of drainage basins Cheng et al., 2006 Cheng et al., , 2008 . The interaction between groundwater and surface runoff also has been investigated so that the influence of groundwater dis- charge on river flow could be modeled (Cheng et al., 2001 (Cheng et al., , 2006 Cheng, 2004) . The conventional SCS method (Soil Conservation Service) of the US Department of Agriculture, Soil Conservation Service (1972) and IHACRES (Identification of Unit Hydrographs and Component Flows from Rainfall, Evaporation, Stream flow data) developed by Jakeman et al. (1990) , Jakeman and Hornberger (1993) and Jakeman et al. (1994) have been applied to predict annual runoff volume in the river system including ungauged basins from observed precipitation records .
In order to identify and characterize flood events from the singularity point of view, we have selected 25 gauging stations in the Oak Ridges Moraine (ORM) area (data from HYDAT CD-ROM User 's Manual, 1996) . These stations have records of mean daily flow (m 3 /s) and daily rainfall data since 1900. The locations of the gauging stations are shown in Fig. 1 superimposed on a selected digital elevation model (DEM) showing the landscape of the ORM area (Kenny, 1997) . Daily flow data from these stations are used to calculate return period using Pearson III distribution. The same dataset were analyzed by C-A method for separating flood events from regular river flow events. The peak flow events identified by return period and C-A method were further analyzed by local singularity analysis.
Return period
Traditionally extreme climate events are considered rare both in their intensity or volume and in the frequency of their occurrence. Ecosystems and human societies are adaptive to normal climate conditions. They are generally poorly equipped to cope with such extreme events. As a result, the occurrence of extreme events often has far greater detrimental impacts on ecosystems and human society than average climate conditions (Hengeveld, 2000) . The identification and characterization of extreme hydrological events is one of the most important concerns of hydrologists.
Climatologists use a variety of statistical criteria to identify extreme events (IPCC, 2001) . Return period denotes a recurrence interval of defined hydrological events. It is a statistical measure of how often an event of a certain size is likely to happen. Flood size can be treated as a random variable and the return period defined as the mean period of event reoccurrence. For example, a large flood event with 100-year return period likely reoccurs in 100 years but it does not necessarily happen again after exactly 100 years. For a probability distribution of event size X, P (X≥x), estimated from a long series of events in unit of year, the return period of event with size x can be calculated from the inverse of the probability of the event, or,
where T is the return period in years, P (X≥x) is the probability of the event with value of X≥x. This equation indicates that each year the probability of an event with size above x is P (X≥x). Therefore, in order to have an event reoccur it needs to have a period of T years so that T P =1, that is T =1/P . The Pearson Type III, or Gamma distribution describes the probability of occurrence of an event as a Poisson process. When the population of events is very positively skewed, the data are fitted by Log Pearson Type III Distribution. This type of distribution is determined by three parameters that are related to the mean, variance and skewness of the distribution. The Pearson Type III Distribution was originally applied in hydrology to describe the distribution of annual maximum discharge (Foster and Alden, 1924) . The Log Pearson Type III Distribution is commonly used to calculate flood recurrences (Viessman and Lewis, 2003) .
The values of maximum annual discharges recorded at all stations in the area over the past 100 years from 1900 to 2000 were fitted by Log Pearson Type III Distribution. Results show that Log Pearsontype III distribution generally fits the data although the values in the two tails show deviations from the model. From the Pearson type III curve one can derive the probability of any given discharge that, in turn, can be converted into an estimate of return period. For example, the flood events that occur on October 1954, May 1956, and June 1947 reached peak flows 23.3, 17.6, and 17.3 m 3 /s, respectively, then, from the curve we can estimate that the return periods should be 77, 30, and 29 years, respectively.
Power-law frequency distribution
Probability plot is a common way to plot river flow data and power-law tails have been reported by several authors (Murdock and Gulliver, 1993; Turcotte and Greene, 1993) . It has been reported that the background or regular and anomaly or extreme events may follow different distribution based on which one can separate these two populations (Cheng et al., 1994) . As a matter of fact, many singular processes result in end products with fractal or multifractal distributions. Examples include number and size distribution of earthquakes, landslides, forest fires, and floods (Turcotte, 2001) . Powerlaw distribution has the unique property of scale invariance and self-similarity (generalized self-similarity in case of anisotropy scaling). Since power-law function can be easily plotted as linear function on double log-scale, it is often intuitive to inspect whether values follow power-law distribution or self-similar distribution. Therefore, these types of plots can be applied to inspect and to separate populations based on distinct generalized self-similarities of populations. For example, a 2-D concentration-area fractal method (C-A) proposed for separating geo-anomalies from background on the basis of distinct power-law relations has been commonly used in exploration geochemistry for anomaly identification and environmental geochemistry for regional pollution pattern recognition (Cheng et al., 1994) . This method is based on a relation associating concentration (or density) value (v) and the area (or accumulative number) within which concentration values are above a threshold ρ, (A(v≥ρ)) as
where C and β are two parameters determining the powerlaw relation Eq. (2). This implies that A(v≥ρ) is a decreasing function of ρ. Depending upon the underlying processes that generated the concentration values, the relation Eq. (2) may exist only for large or small values in the two tails or for multiple ranges of values each of them represented by a single power-law relation with constant C and exponent β. Multiple values of C and β an lead to determination of breaks of concentration values separating concentration values into ranges with the concentration values and areas following a single power-law relation. This method will be adopted in this paper for characterizing river flow discharges. The total number of days with discharge above a threshold can be analyzed in the same way as cumulative area in concentration -area analysis. Given a series of daily flow recorded at a gauging station, one can use a variable threshold so that the number of days with flow rate above the threshold can be calculated and the data plotted against the threshold on a log-log plot. If the flow rates reflect the end product of self-similar processes one would expect to see a power-law relation between the days and flow rate. Otherwise, one could use the plot to test whether the flow rates originated from the same population. Applied to river flow data observed at Cataract of days with flow data fail in each of these intervals were calculated and are shown in Table 1 and plotted on Fig. 2 .
The frequency values of number of days versus flow data generally shows a linear trend on the log-log plot, although the values in the two tails clearly departure from the linear trend. The main segment of the plot shows a linear relation between log-transformed number of days and logtransformed flow data log [ND(≥f )]=2.76 log (f )+9.45 with squared linear correlation coefficient R 2 =0.999. This ensures that the number of days and flow data follows the power-law relation ND(≥f )=12708 f −2.76 . From the plot one can see that 10 large flow points with flow discharge above 12 m 3 /s depart from the straight line and the actual events in this group are shown in Table 2 . The plot in Fig. 2 may indicate that the main flow data except the 10 large flow data show a type of self-similarity. The differences between the distribution types of the main values and the large values might reflect different underlying processes or be due to errors in data recording. However, the data from most stations in the study area show similar characteristics and this may indicate that the difference is indeed due to different causes of large flow. Therefore, these large flow events can be identified as a separate group of extreme flow events that differ from the main flow events which can be considered as regular flow events. The extreme flow events might be due to extreme weather conditions as occurred, for example, when hurricane Hazel struck the Toronto area on 15 and 16 October 1954 with great amounts of precipitation. For example, if the river discharge is beyond the river flow capacity, then flooding would occur and river flow recorded at the gauging station could become less than what it would be without flooding. Although the causes of the scale break need further investigation, their identification already provides useful information about these events. Later in this paper it will be shown that extreme flow events show strong local singularity that can be further characterized using local singularity analysis. Following the same principle, we can reconsider the annual maximum flow data previously fitted by log Pearson III function. The results are shown in Fig. 3 which shows three straight-line segments providing a good fit to the data with cutoff values that separate the maximum annual flow values into three distinct groups. The group on the far right side gives a cutoff value 14 according to which one can identify a group of large maximum annual flow values. The results are similar to those in Table 2 except for the event in 1915.
Singularity of peak flow
As discussed previously, flood events can be considered as singular processes which release anomalous amounts of water within a relative short period of time. This type of singularity can be characterized by the local singularity index proposed by Cheng (1999) for characterizing anomalous phenomena in exploration geochemistry. Under the assumption of local singularity, the behavior of the values around a singular location is of chaotic property and can be only characterized by average values often displaying scale invariant property that can be described as power-law relation between average value and size of the vicinity. The exponent of this power-law model characterizes degree of singularity. In the situation of flood event, it is usually difficult or even impossible to measure the flood flow exactly due to its variability and complexity. One can only estimate the daily or hourly average flow. However, degree of approximation of average flow to the exact flow depends on both complexity of flow within the averaging period and how long the period is. If the period is short enough the model should give a good approximation for a simple regular flow series, whereas for a complex flow series, no matter how short the period of averaging, it may not provide a good approximation. This type of complexity can be quantified using the singularity index as will be shown below. Considering the short time period between heavy rainfall and peak flow caused by this rainfall and the fact that there are not enough multiple daily flow data before the flow peak to conduct statistical analysis, here we will only use the flow series following the flow peak, i.e., for recession flow only. Initial time t 0 can be set the peak. To avoid overlap of multiple peak flow, we further select flow series showing single peak and there was no significant rainfall after the peak flow. Assume Q 1 , Q 2 , . . . , and Q n are the daily flow data available; these data usually are in descending order. The average flow within k days from the flow peak can be calculated as follows:
At the singular location of a flow series, the average flow value Q * (≤k) may follow a power-law relation with the measuring unit k.
where the exponent α=1-α and the constant c are two indices. The former is independent of the averaging unit k whereas the later has the same unit as Q * . The constant value c determines the height of the curve Q * (≤k) whereas the exponent α characterizes the shape of the curve. When the averaging unit k tends to zero, k→0, the index α has the following properties (Cheng and Agterberg, 1996; Cheng, 1999 
1. If α=0 if and only if Q * (≤k)→constant which is independent of vicinity size of k.
2. If α>0 if and only if Q * (≤k)→∞ which is an increasing function of k and the value tends to infinity.
3. If α<0 if and only if Q * (≤k)→0 which is a decreasing function of k and the value tends to zero.
The above properties show that the index α can be used to quantify the order of singularity. From a numerical data processing point of view, the singularity index can be used as a high-pass filter when applied to a time series (Cheng, 1999) for identification of anomalies from normal background values (Cheng, 2005 (Cheng, , 2007a and for downscaling mapping purposes (Cheng, 2008a) .
If assume the power-law relation in Eq. (4) we can reorganize the form so that
It shows that the flow Q itself may also be approximated by power-law relation with time k and the approximation is usually good for large k. Considering peak flow usually exists for a short period of time, the approximation Eq. (5) may not be generally acceptable. Data analysis in the following sections will confirm this. Relations in Eqs. (4) and (5) were applied to the 17 main peak flow data from the Cataract Station on Credit River in the study area, which include all the peak flow events identified in Table 2 . Figure 4 plots the average flow (Q * ) and the flow (Q) versus k. The first two plots are for testing the power-law relations Eqs. (4) and (5), and the third plot is for exponential relation which has been commonly used in the hydrology literature (Maillet, 1905; Mitchell, 1972; Hall, 1968) . The three sets of plots generally show linear trends. However, the plots for log(Q * ) and log(k) show generally larger correlation coefficients than those calculated from plots for log(Q) and log(k) and log(Q) and k. This indicates that the singularity relation in Eq. (4) may provide better results for fitting the peak flow data than the ordinary power-law model or exponential model which are commonly used in the literature for modeling river flow recession since Boussinesq in 1877 (Hall, 1968; Tallaksen, 1995; Brutsaert and Nieber, 1977; Cheng, 2008b) . In addition to a generally better fit to the data by least square method, the singularity model provides results less sensitive to the range of time series used for the calculation in comparison with the results obtained by the power-law model Eq. (5) and exponential model. Using the ordinary power-law model Eq. (5) to fit the flow data, the regression coefficients are sensitive to the choice of length of the series. For example, removing one day from the series often causes significant difference on regression coefficients and this makes the model less useful in practice. The two models Eqs. (4) and (5) were compared using all 17 peak flow events and the results in Table 3 show that the results obtained by singularity model Eq. (4) are consistently superior to those by the ordinary power-law method previously used in characterizing peak flow recession. The values of singularity index ( α) calculated from the 17 peak flow series range from 0.20 to 0.75. These positive values indicate that the peak flow series indeed show strong singularity around the flow peak implying that the water volume released during the short period time around the peak flow is non-linearly proportional to the time duration. When the time becomes zero, the flow rate tends to become infinitely large. Around the singularity it is usually impossible to measure actual flow value accurately and the average values derived from a few measurements often are not enough for accurate estimation of the singular flow values. However, from the entire series we can estimate a singularity which then can be used to characterize the properties of the flow. This index is useful for characterizing the flow as time series which can also be plotted cross different river systems and environments. As an example, we plotted the values of singularity index calculated for the 17 events that occurred during 1900-2000 at the Cataract Station in Fig. 5 . Figure 5a plots the observed peak flow itself and the estimated peak flow (c-value) from the power-law relation fitted to log(Q * ) and log(k). This plot shows that the fluctuations of peak flows in this river do not show significant trend. The estimated peak flow and observed peak flow generally fit well. From the plot (5B) one can see that the singularity shows general decreasing trend for the time period studied with a squared correlation coefficient R 2 =0.41 or student t-value=3.2, indicating a statistically significant correlation. Similar trends are found at other stations located in other rivers, although the statistical significances vary from river to river. In order to inspect the spatial distribution of singularity of peak flow events we applied the method to all other major peak flow events recorded at other stations in all rivers studied. All cases confirm good fits of power-law relation Eq. (4) to the data of peak flow Q * and k and the fitness obtained using the relation Eq. (4) is consistently better than that by power-law relation Eq. (5). In addition we plot the distribution of singularity values ( α) cross all drainage basins in the study area. Figure 6 shows one example of singularity values calculated from flood events in May 1974 in all stations.
Discussion and conclusions
The results described in this paper suggest the proposition that extreme hydrological flow series present the singularity property as that the amount of water released during a short period of time, and is anomalously large in comparison with normal flow series. For hydrological engineering purposes these types of extreme events are characterized by long return periods. From a self-similarity of frequency and size distribution point of view, extreme events, especially those of large flooding related flow data may follow a distribution type different from that of normal flow events. The use of C-A method as introduced in this paper may provide a way to separate these types of distributions. Applying this method for the historical flow data from the ORM area, we have demonstrated that, in general, the normal flow data may show power-law relationship between flow magnitude and frequency. A small number of large flow data depart from this power-law relation with lower flow than expected due to flood effect on the measurements of water flow at the gauging station. As a singular process, extreme flow events can cause anomalous amounts of water to be released during a short period of time and this is the reason for these types of events to cause flooding often. Floods happen if flow rates exceed capacity of river discharge. The degree of singularity of the flow series can be quantified by using the local singularity index introduced in model Eq. (4) in the paper. From a singularity point of view, the frequency distribution of singularity can be characterized by a multifractal distribution. This distribution indicates that events with strong singularity are rare and events with weak singularity occur more often. Normal flow events without singularity constitute the majority of events in hydrological cycles. As a general property of non-linear processes, energy release and mass accumulation may follow power-law distribution with the relevant time or space involved. In addition, the singular events may describe power-law frequency distribution although usually more data or long flow data series are needed for validation. From the data used in this paper it has been demonstrated that local singularity does exist around peak flow as recorded at gauging stations in the study area. The flow itself as well as time after flow peak also may follow power-law distribution (or fractal distribution). This type of fractal model already had been utilized for describing peak flow recession patterns in literature. This paper also elaborates on comparison of the ordinary power-law model with the singularity model from which it was concluded that the singularity model is generally superior to the power-law flow model. As flow models form the basis for river flow prediction in both gauged and ungauged basins the new model which is based on singularity theory may provide an option for modeling flow prediction. This proposition will be further investigated. From the data analysis using the three methods of return period, C-A plot and local singularity index, we may conclude that in the ORM area flow events with 10 year or above return period show distinct self-similarity from the majority of flow events with small return period and strong local singularity for the major flooding events.
